self-tracking devices or genomic reports 22 -does not generally motivate people to make lifestyle change. Health coaching and education, however, does drive behavior change, and coupling coaching with data relevant to an individual's health objectives can drive greater engagement and stronger clinical outcomes.
To the Editor: A paper by Magnúsdóttir et al. 1 in a previous issue describes the generation of genome-scale metabolic models (GEMs) for 773 members of the human gut microbiota, referred to as AGORA. It represents a valuable contribution to quantitative analyses of how the many different species of gut microbiota interact and influence host metabolism. At the same time, a detailed analysis of the models described in this work raises several questions.
Evidence is growing that differences in gut microbiota may have an impact on human health, including cardiovascular disease 2 and type 2 diabetes [3] [4] [5] , but so far no studies have demonstrated causal relationships. Mathematical modeling of the gut microbiota makes it possible to evaluate different hypotheses and thereby gain mechanistic insight into how the gut microbiota composition affects host metabolism. GEM analysis is particularly well suited to this purpose as it is possible to reconstruct the metabolic networks of gut symbionts on the basis of genomic information and then use constraint-based modeling, often referred to as flux balance analysis (FBA), for simulation of their metabolic functions 6 . This modeling concept has been validated for its ability to correctly simulate the metabolism of colonized bacteria in germ-free mice 7 and its ability to predict how the levels of key metabolites in fecal water or plasma are influenced by gut microbiota composition 8 . Furthermore, using this concept, computational tools and frameworks have been Challenges in modeling the human gut microbiome developed to allocate metabolic resources to individual microbes and infer the ecological interaction, spatial dynamics and communitylevel assembly processes 9, 10 .
The paper by Magnúsdóttir et al. 1 describes AGORA, a resource of GEMs for >700 gut microbes that account for most of the dominant species in the human gut microbiota. Here we point out several drawbacks associated with these GEMs as functional models for simulating metabolic interactions between either gut symbionts or the gut microbiota and their host.
A quality check of the 773 GEMs in AGORA suggests that most of the models are incapable of quantitative predictions without further manual curation and support from experimental data. We illustrate this by benchmarking all 773 AGORA GEMs against 70 metabolic models from BiGG 11 , another GEM repository.
First, we evaluated the ability of the AGORA models to predict growth. The COBRA toolbox was used to calculate the specific growth rate of the AGORA GEMs using the glpk solver. Growth in aerobic, microaerobic and anaerobic conditions was simulated by setting the lower bound of oxygen exchange reaction to -1,000, -1 and 0 mmol g DW -1 h -1 , respectively (in all cases, the upper bound for the oxygen exchange reaction was 0; other exchange bounds were not altered and were taken from AGORA). We found that the specific growth rate under anaerobic conditions varied between 0.004 h -1 and 255 h -1 (Fig. 1a) .
We noticed that AGORA models with growth rates in reasonable ranges had very tight constraints on their exchange reactions, whereas models that grew too fast did not have any bounds limiting their metabolite uptake fluxes. Thus, we conclude that the presence of reasonable predicted growth rates in AGORA models is due to bounds forced on almost all the model's exchange reactions. Although the use of available experimental data to constrain exchange reactions is common practice in constraint-based modeling, applying constraints to control growth rates raises questions about the quality of a model (it is self-evident that a lower input would necessarily lead to a lower objective function value). The fact that the value of growth rate in the AGORA models is controlled via exchange reactions, rather than internal constraints, is also reflected in the reduced costs associated with both the exchange and the internal reactions. The median of reduced costs associated with the active internal reactions in AGORA is 4.2877 × 10 -19 , which is several orders of magnitude smaller than the median of reduced costs associated with the active exchange reactions (-1.7227 × 10 -4 ). We also plotted the distribution of reduced costs associated with active exchange and internal reactions in a random AGORA model (Supplementary Fig. 1 ).
By comparison, the same values in the BiGG models are -9.1570 × 10 -6 and -0.0062 for internal and exchange reactions, respectively. The value of the reduced costs shows the sensitivity of the objective function to each variable. Because the growth rate is controlled by constraints on the exchange reactions in AGORA, these reactions determine the growth rate. A larger variety of strains in AGORA does not affect the value of the reduced costs because each model has its own reduced costs, irrespective of the other models.
To test the effect of constraining the exchange reactions on specific growth-rate predictions for different strains, all exchange reactions that 
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were originally allowed in the AGORA models (with either tight or loose constraints) were set to have a minimum of -10 mmol g DW -1 h -1 (which is the modeling convention for lower bounds of carbon source uptake reactions). Even with this constraint, however, the majority of AGORA models grew in biologically infeasible ranges (Fig. 1b) . They also had low growth yields (see below and Fig. 1c ). In contrast, BiGG models have growth rates that do not increase substantially when the constraints on the allowed exchange reactions are relaxed ( Fig. 1d-f ). This is evident even when the lower bounds of exchange reactions are increased to -100 mmol g DW -1 h -1 or the maximum uptake rate is constrained to -10 mmol g DW -1 h -1 . One clear difference between AGORA and BiGG is that the latter contains a large number of GEMs for different strains of the same species (Escherichia coli), whereas AGORA contains models for many different microbiota species. To account for this difference, we benchmarked AGORA not only against all of the BiGG models (Fig. 1d-f ), but also against BIGG models excluding the E. coli GEM subset. The exclusion of E. coli from our analysis did not significantly affect our finding that growth rates predicted by the BiGG models do not increase substantially when the constraints on the allowed exchange reactions are relaxed (Fig. 1g) .
One possible reason for the above findings could be that many of the AGORA models have a simultaneous reliance on several different carbon sources. This might not be a problem in itself, but when the calculated growth rates are divided by the total carbon influx, we observe that growth yields become very low-indeed, much lower than experimentally observed for most bacteria (Fig. 1c) . This indicates that many carbon-containing metabolites are actively taken up from the environment but not used for biomass formation. To investigate carbon influx, we performed flux coupling using the F2C2 algorithm 12 on 100 randomly chosen AGORA models. This enabled us to check the coupling types existing between carbon-containing active exchange reactions and internal active reactions. We found that some carbon-containing active exchange reactions in AGORA were coupled to as many as 300 internal reactions, suggesting that carbon sources are used in many different pathways. When we performed the same analysis in the BiGG models, we found much less flux coupling (Supplementary Fig 2) .
We also looked into the essential carboncontaining metabolites (carbon sources) used by the AGORA models and found few gene associations-on average 70.2% of the essential carbon sources were transported via a nongene-associated reaction ( Supplementary  Fig. 3 ). In contrast, in well-curated BiGG models, only one or two essential carbon sources are observed and their transport reactions have gene associations. Models that rely on so many carbon sources should either have genetic support for their transport reactions or internal constraints; in the case of AGORA models, the majority of carbon source reactions have no gene associations. Although one explanation for this might be high auxotrophy in the human gut microbiota, we suspect instead that the AGORA models massively overestimate auxotrophy.
Another reason for the large influence of exchange reactions on growth rate is that many biomass precursors in models are directly taken from the medium. Supplementary Figure 3 shows the high number of such metabolites in all AGORA and BiGG models. This is partly a consequence of using an automatic gap-filling procedure-a mixed integer linear programming (MILP) algorithm wherein the number of reactions added to the draft model is minimized. The result is that a minimal set of reactions are added to the point that the biomass reaction (or the objective function in general) has a nonzero flux. In the gap-filling approach, it is possible to penalize the exchange and transport reactions more than internal ones; even so, automatic gap-filling methods still add exchange and transport reactions more than they should. Furthermore, as all of the models in the AGORA repository have undergone the same procedure of gap filling, the use of metabolites in these models is highly similar. We calculated the Jaccard similarity score in every pair of these models (Supplementary Fig. 4 ). From this, we found that the models were very similar in terms of biomass precursors that are consumed directly from the media.
To further analyze the AGORA models, we randomly selected 100 models and investigated blocked reactions, which are reactions not able to carry any flux, and also reactions involved in thermodynamically infeasible loops. To identify blocked reactions, we performed flux variability analysis and identified the reactions with minimum and maximum fluxes below a relevant tolerance (10 -6 ). Figure 2a shows the percentage of blocked reactions for the chosen models. The average percentage of blocked reactions in the models is 38%-a very high percentage for a GEM, but typical for automatically reconstructed models. 65 out of the 100 models showed >33% of the reactions being blocked, which shows that these models need manual curation to be more connected. These reactions are most probably associated with dead-end metabolites that are only consumed or produced. We checked the number of dead-end metabolites in AGORA (see Supplementary Fig. 5a ). Similar analysis of the BiGG models showed much fewer deadend metabolites than in the AGORA models (Supplementary Fig. 5b,c) and a median of 
16% or an average of 21% for the percentage of blocked reactions (Supplementary Fig. 5d ).
In the AGORA models, reactions participating in thermodynamically infeasible loops are able to carry flux even if all exchange reactions are blocked. We therefore performed loop detection analysis on the same 100 models. To this end, we blocked all exchange reactions (no uptake or excretion was allowed) and performed flux variability analysis. Our finding that reactions whose minimum or maximum fluxes reached their lower or upper bounds, respectively, clearly indicates that these reactions are involved in thermodynamically infeasible loops because they were able to hit the bounds even though no input was provided for the model (Fig. 2b) . On average, we found 76 reactions involved in thermodynamically infeasible loops in AGORA models. We also checked the essentiality of these reactions for growth and found that all of them were essential in all models. We therefore advise that these reactions be curated from AGORA to avoid mathematical artifacts. When we investigated the BiGG models in the same way, only 1 model was detected to have 7 reactions involved in thermodynamically infeasible loops. To make sure that this analysis did not favor one particular phylum, we evaluated the phylum distribution of the chosen 100 models and compared this with the overall phylum distribution of AGORA. The phylum distribution of our random sample was similar to the overall phylum distribution (Supplementary Fig. 6 ), and our analysis is therefore not biased.
The gut environment is anaerobic, or at best microaerobic, and isolation of gut symbionts generally requires handling of all samples under strict anaerobic conditions 13, 14 . However, all of the AGORA models have oxygen-related internal reactions, some of which are essential. To evaluate this, we extracted all oxygen-related reactions in the models and investigated their essentiality. In 17 models (Supplementary  Table 1) , the predicted growth rate would be zero if all oxygen-related reactions were blocked. We therefore could not confirm the statement by the authors that all the models could simulate growth under anaerobic growth conditions. It is clearly necessary to curate these models further so that they can predict growth under strict anaerobic conditions. Another aspect we checked was the directionality of ATP-related reactions; reactions that involve phosphate transfer from ATP to an acceptor molecule should be irreversible. To verify whether ATP could be produced as a result of the wrong directionality, we fetched all ATP-related reactions and identified the ones that were functioning in the wrong direction. On average, ten reactions in all of the AGORA models did not follow the aforementioned rule and thus require further curation. The energy that is produced in the form of ATP is subsequently used by other internal or transport reactions in the model, including the biomass reaction.
Even though the gut microbiota typically consists of >100 species, it is not clear whether there are really large functional differences. In our view, many different species may in fact have similar metabolic functions. To test this, we performed an analysis of the similarity of the AGORA models in terms of functional closeness. The Jaccard similarities for the GEMs were calculated based on the presence or absence of corresponding reactions. Minimum total intracluster variation and the average silhouette method was used to calculate 16 indexes (Supplementary Table 2 ), which supported an optimal number of three clusters (Supplementary Fig. 7) . These three main groups were the following (Fig. 3) : group 1 included 401 microbes mainly from Firmicutes, Proteobacteria and Actinobacteria; group 2 included 254 microbes mainly from Firmicutes, Proteobacteria, Actinobacteria and Fusobacteria; and group 3 included 112 microbes from Bacteroidetes (Supplementary Fig. 8) .
We performed the same analysis for BiGG models and found that, unlike in AGORA, the models clustered into biologically meaningful groups (Supplementary Fig. 9a,b) . The BiGG models were capable of clustering phylogenetically close organisms, irrespective of whether E. coli models are included in the analysis.
To investigate the functional similarity of the AGORA models, we used FBA and parsimonious FBA (pFBA) to identify flux-carrying internal reactions; in both cases, an active reaction was defined as the one carrying a flux more than 1 × 10 -10 (changing this tolerance to higher values-for example, 1 × 10 -4 -did not change the results). No significant difference was found between FBA and pFBA ( Supplementary Fig. 9c,d) . In pFBA simulations, 83.8% of all possible pairwise comparisons had 50-70% similarity, with 15.6% of the cases showing similarities from 70-90%. In FBA simulations, 79.5% of all possible pairwise comparisons had 50-70% similarity, with 19.7% of the cases showing similarities from 70-90%. The active reactions across all 773 models clustered in three main groups, which were to a large extent determined by the definition of the nine different formulations of the biomass equation in AGORA models (Supplementary Fig. 10a) , which is very similar to the grouping seen with flux-carrying reactions. This shows that models with similar biomass reactions that have similar objective functions also contain similar active reaction sets. The phylum distribution in each of the three main groups showed that Actinobacteria and Firmicutes were divided across all groups, whereas Bacteroidetes and Proteobacteria were separated between group 1 and 3 ( Supplementary  Fig. 10b,c) . This means that there is no single phylum whose members cluster together in one group.
Finally, we also investigated the similarity in terms of metabolite use for growth. As observed, the metabolites that are used 
for growth of the AGORA models show a similar pattern to that of the reaction similarities (Supplementary Fig. 11) . Use of the same set of growth-required metabolites is to be expected considering the high degree of similarity of the models.
In conclusion, our analysis shows that the AGORA models can be divided into two groups based on their in silico growth rates. The first group consists of models that predict growth rates in biologically reasonable ranges and the second group consists of models that predict very high growth rates. The reason behind this behavior is the bounds used on the exchange reactions. Exchange reactions are important to the value of the growth rate because a large part of biomass metabolites is directly taken from medium and consumed by the biomass reaction. Although the models in the first group are exposed to very low bounds on their exchange reactions, the models in the second group are not constrained at all. One way to overcome this problem is to divide the growth rate by the total carbon influx, but from our analysis, we find that this resulted in very low biomass yields. Therefore, it is necessary to carefully curate these models before they are used for simulations of growth.
It is a major effort to manually curate GEMs, but from our analysis of the model similarity, it is also clear that one may not need to actually curate all the 773 GEMs of AGORA, as one could select representative species from each of the functionally similar groups. It should, however, be mentioned that this similarity analysis may to some extent be driven by the fact that only nine different biomass reactions are used for the AGORA models. Thus, the similarity in biomass reactions have affected the gap-filling and curation process of the AGORA models and may therefore have resulted in the clustering of the models that we present here.
To ensure progress in the field of modeling of gut microbiota using GEMs, we recommend performing a more detailed analysis of individual species with the aim of further expanding the set of biomass reactions, as well as manual curation of the GEMs with the objective of improving their oxygen and ATP metabolism. Considering the scale of such an effort, this will have to be done at the community level, where clear standards are being defined for the quality of individual models. 
